The mobile network as a research tool Several attempts have already been made to use advanced telecommunications networks for urban research, but the datasets collected have typically been neither dynamic nor fine grained. Because of proxy servers and the centralised setup of corporate infrastructure, the use of Internet Protocol (IP) address data for geographical analysis is extremely difficult, and perhaps even impossible (Hall et al, 2007, page 71) . Townsend (2001) examined the geographical distribution of WHOIS (1) records to identify`network cities', but companies may register dozens of domains to a back office, technical support site, or marketing department, which suggests that these results need careful handling. In contrast, although landlines are highly localised, they cannot be used to investigate activity in a public and mobile context. Against this research backdrop the mobile phone network offers a compelling compromise between these extremes: it is both highly mobile and yet still localisable in space. Moreover, the mobile phone's enormous and enthusiastic adoption across most socioeconomic strata makes it a uniquely useful tool for conducting large-scale, representative behavioural research. By the end of 2006 many European countries had more subscribers than inhabitants: the United Kingdom had the highest penetration amongst large countries at 115 lines per 100 inhabitants, but this pales next to Luxembourg's remarkable 155 lines and Italy's 134 lines (Eurostat, 2007) . Thus, the network's enormous spatial extent and continuous temporal coverage make it ideal for studying the functioning of cities and regions holistically, something that is functionally impossible, as well as unfeasibly expensive, using surveys or gate counts.
Naturally, a variety of innovative approaches have already sought to harness mobile phones for urban research, but they have all relied on sample sizes of, at most, several hundred simultaneous users, and have typically required end-user consent. Ahas and Mark (2005) performed a`social positioning method' analysis, combining detailed demographic data with individual user`trails' across Estonia. And the`reality mining' project at MIT had success in abstracting individual behavioural patterns, termed eigenbehaviours, (Eagle and Pentland, 2006a ) from handsets running a specially designed application. Using aggregate data from the entire network, however, we can hope to build maps based on the behaviours of millions of users spanning multiple spatial and temporal scales.
Rome in real time
Our analysis builds on aggregate mobile phone data supplied by TIM between July and September of 2006. Data were collected at fifteen-minute intervals at the transceiver level across a region of 47 km 2 , and were transferred via secure-FTP (file transfer protocol) to servers at MIT. The three months' worth of data represents the cumulative daily phone usage ö voice, text, and data ö of more than one million TIM subscribers and visitors to Rome. In all, the dataset contains more than 3.5 million observations. More detail on the system architecture, including data collection, transfer, and processing, can be found in Calabrese and Ratti (2006) .
Network data were supplied in Erlang, an aggregate measure of bandwidth usage that is often used in network capacity planning on GSM (2) networks and which can be easily collected by the operator. The Erlang is also completely anonymous, since it is defined as one person-hour of phone usage: one Erlang could be the result of a single (1) WHOIS is a method used to find the owner of a domain name or IP address from an official database.
(2) Global system for mobile communicationsöthe most popular global standard for mobile phone communications.
person talking for an hour, two people talking for a half-hour each, thirty people speaking for two minutes each, and so on. In effect, Erlang data provide a view of urban space as seen through network bandwidth consumption and, consequently, indirect insight into the spatial and temporal dynamics of urban life. More information on the tradeoffs involved in the use of Erlang for urban research can be found in Reades et al (2007) .
The coverage areas of cellular transceivers overlap to ensure quality of service, and there are sometimes many transceivers on a single mast. Since we lacked the orientation data to untangle their relationships to one another, we used an exponential decay algorithm to divide Rome into 2115`pixels', measuring 500 m Â 500 m, rather than the more usual Voronoi polygon plot. The rasterising function, detailed in Calabrese et al (2007) , enables us to derive an Erlang value for each pixel, which is a composite calculated from the surrounding antennas. Actual Erlang values were also modified by a secret scaling factor applied by TIM to preserve a modicum of commercial confidentiality.
From Erlang data to`signatures' Figure 1 shows a map of Rome to help orient readers for the subsequent analysis. We selected seven locations that we expected to have distinct patterns of behaviour and, consequently, mobile phone usage for in-depth study: (1) the Pantheon is a key tourist attraction and popular meeting point; (2) Tiburtina is a secondary interchange used by regional trains and buses as well as late-night intercity trains; (3) Olimpico is Rome's main concert and football venue; (4) Trastevere is known for its nightlife; (5) Piazza Bologna is predominantly residential; (6) Termini is Rome's main rail station; and (7) EUR is a purpose-built office area southwest of the downtown area. Projecting Erlang changes over time for some of the sites mentioned above yields the unique`signature' of phone activity seen in figure 2. The area around the Olimpico stadium, a venue for sporting events and concerts, clearly shows a pattern of afternoon and evening activity not seen in other parts of the city. Comparing the tourism-driven area near the Pantheon with a more locally oriented site at Tiburtina suggests variable and distinct relationships between space, time, and aggregate phone usage, and we note in particular the variability during weekdays, and the contrasting drops in usage over weekends.
While figure 2 is helpful in grasping the coarser differences between areas of Rome, it is time consuming to perform this type of intense analysis operation for each cell. To explore the system as a whole we need to understand first the overall distribution of Erlang within the city. Figure 3 shows the distribution of peak Erlang, irrespective of time or day, for each of the pixels in Rome organised from greatest to least. The`raw' values shown on the light green line in figure 3 follows an exponential distribution with its characteristic`long tail'. Plotting the peaks on a logarithmic scaleöthe darker red line in figure 3öemphasises this distribution. We settled on log 10 to generate the logarithmic distribution shown below, which we believe constitutes an appropriate transformation under the circumstances, and which also resolves the scaling issue identified above.
The use of a logarithmic scale also has important analytical benefits: the magnitude of the difference between the greatest and least peak Erlang values is so great that it would easily mask less immediately obvious features shared between cells with widely differing overall levels of telecoms usage. By taking the log of the dataset we are able to retain lesser features of the signatures. The normalised maximum Erlang distribution can be compared to a normalised distribution of businesses garnered from Pagine Gialle, which will be discussed in more detail below.
The two projections in figure 4 suggest a strong connection between these datasets. The highest levels of Erlang on the map are linked to people flows at Termini Station and a location near the Spanish Steps, though this second site also points to one of the challenges in using mobile data for urban analysis: it is a geographical high point and hosts a major telecommunications array that is readily`visible' to phones at some distance from the area. Other points of interest include Piazza Navona, the Vatican, and Olimpico Stadiumöthe same site shown in figure 2. There is also the intriguing suggestion of a link to higher phone usage along Rome's major radial access roads and near their intersection with the circular. While this simple projection indicates a relationship between phone usage and socioeconomic geography, it is nonetheless important to quantify this connection.
Business location data
Fortunately, the support of Seat Pagine Gialleöwho generously made available to us their directory of 50 000 businesses in Rome öenables us to explore the map shown in figure 4 in more depth. The database contains name and address information, latitudinal and longitudinal data, and an advertising category for each listed business. These categories ranged from the obvious (`articles for smokers'), to the amusing (`ornamental aquariums and accessories'), and the rather specialised (`eggs'). The data can be accessed through a web interface www.paginegialle.it. Coordinates were specified to four decimal places, which represents approximately 10 m accuracy. Using this positioning data we assigned each business to a pixel and organised the raw categories thematically into use-oriented groups. We hoped to demonstrate a measurable link between mobile phone usage and business activity, so as to provide a more solid empirical footing for the use of aggregate mobile data as a research tool. As a first step, we looked at the total number of businesses in each cell of the grid and attempted to correlate it to peak Erlang. The correlation yielded a standard deviation of 0.18001, and a fairly high incidence of pixels that departed radically from the mean. Similarly, plotting peak Erlang against the number of businesses indicated that there was no single regression that could account for the entirety of telecommunications activity in Rome. The lack of a simple correlation was to be expected, since mobile phone use is not structured solely around the location of businesses advertising in the Yellow Pages.
The enormous number of categories in the raw Pagine Gialle dataset, and the widely variable number of businesses in each, led us to select a smaller number of themes' from within the dataset for further study: (1) accommodation from alberghi, motels, and pensioni; (2) daily retail from giornalai and tabaccherie; (3) dining out from bar e caffe© , ristoranti, traittorie, osterie, and pizzerie; and (4) food retail from alimentari, panetterie, and frutta e verdura.
(1) These groups were selected so that there would be enough businesses across the city as a whole for a geographical projection to be meaningful, and so that they would be distributed evenly enough that their relative density provided insight into the city's overall makeup.
An appropriate way to measure the relative concentration of businesses in a region or city is the location quotient Q: the ratio of the local density of industry i in an area p to the overall density of that industry in the region. The importance of an industry is normally measured through either the number of employees or turnover. By dividing Rome into 500 m Â 500 m pixels, we were adopting an approach similar to that taken by Goddard (1973) ; however, our dataset lacked any details on the scale of business operations for each advertiser because this information is not available free of charge to researchers in Italy. So Q was calculated in a nonstandard manner by taking a count of businesses from pixel p in category i (x ip ), and dividing by the total number of businesses in that pixel (x tp ). The result was, in turn, divided by the total number of businesses in all Rome from that category (x ir ) over the total number of businesses in all Rome (x tr ). This can be rewritten as:
x ip x tr x tp x ir .
Clearly, this Q value is skewed towards pixels with a high density of small businesses, rather than larger, single-company facilities. However, since small-firm activity is known to be particularly important in Italy, we feel that, in the absence of employment data, this represents a suitable, though clearly not ideal, outcome. The resulting spatial distributions are shown in figure 5 , though attention should be given to the varying scales for each map. As might be expected,`accommodation' is centrally located, near the areas frequented by tourists, but it also has significant peripheral clusters that might be connected to transport infrastructure (they are near to both of the airports and the orbital). The`dining out' category suggests to some extent the well-known Italian passion for food ösuch establishments are quite literally everywhere, up to the edges of Rome's developed areas, and even beyond in places
(1) Translation: alberghi hotels; motels motels; pensioni boarding houses; giornalai newsagents; tabaccherie tobacconists; bar e caffe© bars and coffee shops; ristoranti restaurants; trattorie restaurants (generally less formal than ristoranti); osterie taverns; pizzerie pizzerias; alimentari grocery shops; panetterie bakeries; frutta e verdura fruits and vegetables.
overlooking the city. Finally,`daily retail' and`food retailing' are relatively scarce in the business core, but are more common towards the edges, which suggests that these are more residential areas.
From eigenvectors to eigenplaces
With the aim of understanding better the relationship between business and residential areas, and their cumulative impact on mobile phone infrastructure, we then turned to a technique that has been employed by radio astronomers as well as by researchers using an individual handset context for social group analysis (Eagle and Pentland, 2006b ). The process of eigendecomposition extracts patterns from large datasets, and its outputs are, in a sense, the roots of equations and their associated coefficients. Thus the electromagnetic signature of a pixel is decomposed into an arbitrary number of components, enabling us to sketch out the basic dimensions of the relationship between mobile bandwidth usage and urban activity.
The number of eigenvectors needed to reconstitute the source with an acceptable margin of error depends on the complexity of the raw input data. Quite simply, the more random the original signal, the more information we need to rebuild it. Multiplying each component vector by its coefficient and summing the result enables us to reconstruct the source dataset. Thus, if S is the observed signature for a randomly selected pixel, C is a coefficient, and V an eigenvector, then:
In our case, data for one day from one pixel can be expressed as a vector with one row and ninety-six columnsöone column for each of the Erlang values recorded at fifteen-minute intervals. Lining up the ninety days' worth of data that we collected between 1 September and 30 November yields a matrix of ninety rows and ninety-six elements, thereby allowing us to calculate a covariance matrix and then decompose it into a set of vectors, each modified by the appropriate coefficient. Figure 6 shows how well the original signal can be approximated using only the first four eigenvectors from the covariance matrix. We termed the output of this process an`eigenplace', since it connects the spatiotemporal patterns of mobile phone usage to human activity spaces. By extracting the principal components of each pixel separately, we are able to abstract the daily and weekly routines embodied in an individual place. In effect, the more strongly`routinised' activity in a pixel becomes, the larger the principle eigenvector's coefficient becomes. Conversely, spaces with unpredictable types of usage will attach greater importance to the lesser vectors.
Since the process of eigendecomposition may be new to many readers, it is helpful to consider our implementation of this method in more detail. The sequence of mathematical operations that generates these vectors is given by: (1) L 2115 is the set of 2115 pixels in Rome, each measuring 250 000 m 2 . (2) T 96 is the set of fifteen-minute intervals at which observations were made each day. (3) D 90 is the set of days for which observations were made during the study period of three months. (4) E(d, l, t) defines a unique Erlang value for the triplet referenced by a location l P L 2115 , a time t P T 96 , and a day d P D 90 . (5) E log log 10 [E(d, l, t)]. (6) Normalisation over timeöwhich benchmarks a pixel's Erlang value at one point in time against the mean of all timesöscales the signal so that we can compare pixels without considering the magnitude of their signals:
(7) For any given location, a 90 Â 96 correlation matrix can be calculated as: (8) From here we can calculate the eigenvalues (a i ) and eigenvectors [eigenvector(l, t)] of the correlation matrix. We then reorder the ninety-six eigenvectors so that the largest eigenvalue is first. (9) Once the eigenvectors have been derived, it is possible to reconstruct a generic signature E normalised (d, l, t) as the weighted sum of the eigenvectors [eigenvector(l, t)]. The weights are simply coefficients, which can be calculated as follows:
In figure 7 we show the eigenvectors for the seven pixels selected on page 4, in order to develop our understanding of how these areas behave over time. The first eigenvector clearly suggests a single, underlying, structure to mobile phone usage that varies little across space and is driven primarily by the time of day. Consequently, it seems reasonable to connect the first eigenvector to the diurnal cycle of Rome öpeople waking up, going to work, breaking for lunch, and then heading home in the evening. Conversely, the high rate of change in the fourth eigenvector suggests that it is largely composed of`noise'. So if the first vector is of little use for distinguishing between locations, and the fourth describes only minor aspects of the original signal, this leaves the second and third eigenvectors to account for the majority of the difference between pixels, and here we find some intriguing features.
In the second eigenvector the higher values during late night and early hours of the morning in Trastevere and the Pantheon strongly imply nighttime activity. The much smaller drop in phone usage around midday at Piazza Bologna suggests an area with a different usage profile from the other six pixels, and it is the only site connected to a known residential space and, hence, to family. The third eigenvector is much more difficult to interpret on the basis of anecdotal knowledge, and it should be noted that the coefficients associated with this vector are not of the same magnitude as the first and second; but it is interesting to note that usage at the adjacent Piazza Bologna and Tiburtina falls in parallel during the morning as mobile users flow into central Rome, but follows a markedly different trajectory in the evening as people head home. In contrast, trends in phone usage at the comparatively more distant Trastevere and Pantheon seem to fall more naturally in sync. While these eigenvectors can be interpreted intuitively, they should not be considered separately from their corresponding eigenvalues, particularly since in some cases the coefficients may be negative. In figure 8 we show how the coefficients for three of the seven sites vary over the course of a week. As is clear from the figure, the coefficients of the first eigenvector are often an order of magnitude larger than those of the second, third, or fourth eigenvectors, and this clearly squares with our understanding from figure 7 that the first vector describes an underlying rhythm to life in Rome.
We see also that the relationship between vector and value remains fairly constant over the course of the week, but changes significantly over the course of the weekend and especially on Sunday. This drop in the first coefficient corresponds to the lower levels of overall usage observed for weekend activity in figure 2. The plot for Olimpico is particularly interesting because of the impact of Wednesday night football matches and the stronger resemblance between Wednesday and Saturday ö which both have nighttime eventsö than with Sunday.
Taking the eigenvectors and eigenvalues together, the first and fourth eigenvectors can be removed to leave only the most distinctive elements of the signal, in a process tantamount to normalisation. This process still cannot be used to support the direct comparison of pixels as the eigenvectors are not comparable, but it does enable us to take different points in the day and examine the rank of each pixel as measured by the magnitude of its second and third eigenvectors. This type of profiling enables us to see how the relative focus of human activity moves around the city over the course of the day.
Consequently, we returned to the idea behind the normalised peak Erlang plot in figure 4 . Now, however, we are able to focus on the difference that is unexplained by the daily rhythm of urban life. Figure 9 shows several distinct groupings of pixels. Three pixels, two adjacent to Olimpico and one in the very centre of Rome at Termini Station, stand out for the relatively high levels of usage at 9 pm in the evening [figure 9(e)]. In contrast, the map for 9 am [figure 9(c)] shows comparatively high usage across almost all of Rome except for three distinct areasöbetween Strada dei Parchi and Via Toscolano, to the East of Urbe airport, and to the northwest of Via del Foro Italico. It is intriguing that these same areas also have higher levels of use in the evenings, which would be consistent with residential use. It is also interesting to examine the map from 1 am [figure 9(a)], from which we can attempt to deduce some areas popular for late night activity: to the west of the Tiber is Trastevere and to the south of central Rome are Ostiense and Testaccio, all of which are areas known for their clubs and bars. Perhaps the most interesting plot, however, is that for 5 pm [figure 9(d)]: three areas are particularly prominent, and they all lie along major radial routes out of the CBD. Since these active areas are located just before motorists would reach the orbital highway, the most likely explanation at this time is that these indicate a popular calling point for commuters leaving the city.
Limitations
Rome's long pedigree guarantees a high degree of overlap between activities, which makes it very difficult to deduce the predominant land use directly. Moreover, unlike Britain, Italy does not make low-level census and business data available for free to academics. In addition, because we are examining the entire urban system, unlike Eagle and Pentland (2006b) , we cannot assign our pixels to three a priori categories: nowhere in Rome is simply work, home, or other. Consequently, it has proved difficult to map the derived eigenplaces on to discrete types of land use or human activity öit is likely that the signal is simply too complex.
However, we might reasonably expect that similar data from North American or Northern European citiesöbecause of the stronger spatial segregation of activity between the CBD and the suburbsöwould show stronger signal differentiation. This suggests that an eigenplace analysis of Rome is one of the more challenging undertakings. We are endeavouring to gain access to comparable datasets for other cities, but the requirements of negotiating with each operator separately and of convincing them of the value of this research has made this process challenging. Indeed, data access remains the principle obstacle to the expanded use of telecoms data in urban planning and modelling.
Discussion
It is helpful to place this work within the context of a broader shift in urban studies from intentional to behavioural research (O'Neill et al, 2006, page 317) . The intimately personal nature of the mobile phone and our growing ability to track it across the urban landscape raises new questions regarding personal privacy at the same time as it opens an unprecedented window into how millions of people, each pursuing their individual interests and responsibilities, use the city. Although the cellular network cannot offer the locational specificity of GPS, its scalability means that it nonetheless remains very attractive for research at scales at which a higher resolution is unnecessary. In particular, this class of data would seem to be particularly relevant at the city-region level, for which the system is much too large to explore using traditional analytical methods. The lack of existing research in this field has led us to test a range of analytical approaches co-opted from fields such as computer science and astronomy in the hope that these will shed light on the dataset. We have shown that there is a clear, identifiable relationship between human activity and Erlang, but that the nature of this relationship is neither simple nor linear. A straightforward regression therefore appears insufficient to account for the way that bandwidth usage changes in areas of intensive activity, such as the CBD. Nonetheless, we have provided modest empirical support for our experiential knowledge of the city's terrainöalthough indirect, the distribution of businesses provides important evidence that phone usage is connected to local land use in very real ways.
In this eigendecomposition the primary eigenvector clearly indicates a common underlying pattern to mobile phone usage in Rome, while the secondary and tertiary vectors indicate spatial variation that is very suggestive of temporally-related and activity-related influences. One powerful effect of this process is that it essentially allows us to factor out the diurnal signal, leaving the key points of difference between each pixel or set of pixels. Thus we have early evidence that the concept of the`eigenplace' provides a new tool with which to distinguish between areas on the basis of their telecommnications signature.
This surprisingly fine-grained computational approach appears quite sensitive to time-based and place-based influences, and so this new type of data clearly has the potential to significantly expand our understanding of urban dynamics. As a result, we may be able to develop new methods for improving the delivery of public services to all inhabitantsörather than viewing the city in terms of static infrastructures, we can visualise it as an interconnected set of flows (and immobilities), and can try to reach out in ways optimised to the nature of the problem from the human, and not the purely physical or mechanistic, standpoint.
